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I Introduction
In this paper we investigate the long memory in stock market volatility for a large number of countries. We first show that long memory volatility is prevalent in almost every international equity index. We then exploit the cross-sectional and time-series variation of the memory parameter to identify the sources of long memory in volatility. We find that long memory volatility can be related to macroeconomic variables in both the timeseries and the cross-sectional dimension. On the one hand, longer memory is related to lower unemployment and lower interest rates for the majority of countries. On the other hand, longer memory is found to be related to more developed and stable countries.
We shed new light on long memory in volatility by exploiting and combining the methodologies of three strands of literature. First, we extend the current research, which only focuses on major economies and large firms by investigating eighty-two international countries including both developed and emerging countries. Second, we allow for a timevarying degree of long memory. Third, long memory so far has only been analyzed in the time-series dimension not in the cross-sectional. We closely investigate possible macroeconomic fundamentals which may explain the degree of long memory both in the time-series and cross-sectional dimension.
We find that 94% of the international countries possess long memory in volatility with an average memory parameter of 0.27, which is statistically significant.
1 In the time-series dimension, longer memory can be related to lower interest rates. In the cross-sectional dimension, higher memory parameter estimates can be related to economically stronger, i.e. developed countries. In contrast, lower memory parameter estimates are associated with emerging and frontier countries. Further, countries with higher interest rates, higher unemployment rates and fewer jumps possess shorter memory in volatility. We verify our memory estimates by showing that volatility in countries with higher memory parameters are more predictable than in countries with low memory parameters.
Long memory properties have been investigated in the dynamics of both stock returns and volatility. Typically, the autoregressive fractionally integrated moving average (ARFIMA) model by Granger & Joyeux (1980) , Granger (1981) and Hosking (1981) and the fractionally integrated generalized autoregressive conditional heteroskedasticity (FI-GARCH) model introduced by Baillie et al. (1996) are used and shown to provide better forecasts than the short memory ARMA and GARCH models.
Several studies investigate the long memory of returns and volatility both in the U.S.
stock market and in international stock markets. and Ding & Granger (1996) show that the conditional variance and absolute returns of the S&P 500 index possess long memory, respectively. Both papers rely on the FIGARCH model. Breidt et al. (1998) also find long memory in the variance of equally weighted and value-weighted CRSP stock market index returns by fitting a long memory stochastic volatility model and relying on the ARFIMA model. Lobato & Savin (1998) investigate long memory properties of the U.S. stock market index and thirty individual stock returns in the U.S. They apply a semiparametric test to returns, squared and absolute returns and find that squared returns exhibit long memory properties while the levels of returns do not. Sadique & Silvapulle (2001) and Henry (2002) consider the long memory property of various international stock indices including Germany, Japan, Korea, Malaysia, New
Zealand, Singapore, Taiwan and the U.S. Sadique & Silvapulle (2001) rely on both the modified rescaled range tests and the GPH estimator while Henry (2002) relies on both parametric and semiparametric estimation methods including the GPH estimator, the es-timator of Robinson (1994) and the ARFIMA model. Kasman et al. (2009) show evidence of long memory dynamics in both the conditional mean and variance for eight Central and Eastern European countries' stock markets and also rely on the both semiparametric (GPH) and parametric (ARFIMA, FIGARCH and HYGARCH) estimation procedures.
While long memory has been investigated extensively both in the U.S. and international stock markets, the works so far have mainly focus on the detection of long memory. We contribute to the existing literature by largely extending the sample of countries to eightytwo and examining the cross-sectional variation of long memory across countries and its link to macroeconomic variables. Nguyen et al. (2017) investigate the cross-sectional variation of long memory in volatility at the firm level. They provide evidence of long memory in volatility for the cross-section of U.S. stocks and find a negative price for long memory volatility.
The rest of the paper is organized as follows. Section II describes our data set and estimation procedure for long memory. Section III investigates long memory in the crosssection of countries. Section IV presents robustness tests. Section V concludes.
II Data and Methodology

A Data
The data used for our analyses come from various sources. For our international stock index data we follow Pukthuanthong & Roll (2015) and include eighty-two countries for which we obtain the data from Datastream.
2 If available, we rely on daily observations of the total return indices which include the dividends, and use the price index otherwise.
3
The sample covers the period from December 1964 until December 2015.
4
For each country we obtain country-specific macroeconomic variables from the Global Financial Database. We include the real gross domestic product (GDP), the consumer price index (CPI), unemployment, short maturity and long maturity interest rates. 5 Most of the short maturity yields are 3-month treasury bills and most of the long maturity yields are 10-year government bonds. Hence from now on we refer to them as treasury bills (Tbill) and government bonds (Gov.Bonds). Both are given in percentage form per annum. The Real GDP data is obtained in U.S. dollar currency converted using exchange rates from the Global Financial Database.
6
B Semiparametric Estimation of Long Memory
In our empirical analysis we work with the two most popular estimators, which are the GPH estimator and the Local Whittle estimator. Geweke & Porter-Hudak (1983) introduce an estimator which is based on the logperiodogram. A linear regression is employed to the spectral density relying on the first m periodogram ordinates. Empirically, the spectral density of a stationary process X t is estimated by the periodogram:
3 Prices are cleaned of outliers by removing observations which deviate by more than 10 standard deviations from the median using a rolling window of 50 observations (Barndorff-Nielsen et al., 2009) .
4 For Bangladesh, Slovenia and Zimbabwe, the last available observations are from April 2013, October 2010 and October 2006, respectively.
5 The data for the U.S. is supplemented by data provided by Amit Goyal (website: http://www.hec.unil.ch/agoyal/) and FRED.
6 Unfortunately, the Global Financial Database does not cover our complete sample of countries with macroeconomic variables. GDP data is available for seventy-two countries, inflation data is available for eighty countries, unemployment data is available for sixty-nine countries, treasury bill rates are available for seventy-eight countries and government bond rates are available for seventy-three countries.
where the periodogram is not affected by centering of the time series for Fourier frequencies λ j = 2πj/N (j = 1, ..., [(N − 1)/2]). The negative slope coefficient β 1 in the regression presents the estimator:
The asymptotic standard errors for the long memory parameter can be obtained from the asymptotic distribution, which is derived by Robinson (1995b) under mild conditions
The choice of the bandwidth parameter m results into a bias-variance trade-off. If the m is chosen too low and hence too close to the origin, an increased variance is the result, while a m chosen too high and hence too far from the origin leads to bias.
In the following empirical analyses, we focus on the GPH estimator and the bandwidth m = N 0.5 following the existing literature (Geweke & Porter-Hudak, 1983; Diebold & Rudebusch, 1989; Hurvich & Deo, 1999; Henry, 2002) . 7 Results with alternative bandwidth choices and the Local Whittle estimator are reported in the Section IV.
We refer to d as the memory parameter and differentiate between three cases: A time series has short memory if d = 0. A time series has negative memory or is anti-persistent if d < 0. A time series has long memory if 0 < d < 1 where it is non-stationary if 0.5 < d < 1.
7 Typically, empirical researches rely on this bandwidth choice since it is robust against short-range dependencies in the data.
III Long Memory Volatility in International Equity Markets
In this section we provide evidence of long memory volatility in the cross-section of eightytwo countries. First, we show that long memory volatility is prevalent in most countries but that the memory parameter varies across countries in Section III.A. Section III.B refers long memory to predictability and Section III.C relates the memory parameter to macroeconomic variables in the time-series dimension. Section III.D relates the memory parameter to macroeconomic variables in the cross-section of countries and separately investigates the memory in developed and emerging countries.
A Descriptive Statistics
We apply the GPH estimator to the time series of squared returns for the selected eightytwo countries. Table 1 provides summary statistics for the memory parameter d. The mean memory parameter over the eighty-two countries is 0.27 and the mean standard deviation is 0.13. If the time series exhibit short memory, the mean should be approximately zero. The average t-statistic of 3.95 suggests that long memory is present in volatility. In fact, 87% of the parameters are positive and statistically significant at the 5% level or lower. Further, the 5% to 95% quantiles suggest that most parameters lie in the interval (0, 0.5). We find that 94% of the countries exhibit long memory in volatility, where 0 < d < 0.5, while 4% show anti-persistence and 2% show non-stationary long memory in volatility. We hence conclude that most international stock markets exhibit long memory in volatility. These results extend the current literature which focuses on the U.S. and some major countries like Japan or the U.K. (Cheung & Lai, 1995; Sadique & Silvapulle, 2001; Henry, 2002) .
The countries with the highest memory parameter are Taiwan, Finland and Kuwait, while countries with the lowest memory parameter are Bahrain and Egypt. Figure 1 displays the estimates for the eighty-two countries. The G-7 countries, representing the major advanced economies and those making the largest percentage of global wealth, do not possess the longest or shortest memory. But six of the seven major economies have a memory parameter higher than 0.3 while the ten countries with the shortest memory are all "frontier" countries.
8 In the following we closely investigate potential drivers of the memory parameter.
B Long Memory and Predictability
Typically, long memory time series are described as highly persistent time series, for which the autocorrelation function is decaying at a hyperbolic rate rather than an exponential rate as for short memory processes. Intuitively, the higher persistence of the time series can be linked to higher predictability or lower uncertainty. In this section, we empirically show the link between long memory and predictability for the volatility of the stock indices.
At the same time, this exercise presents a validity check for our long memory estimates.
A higher memory parameter should be associated with higher forecasting performance, if our memory estimates are correct and not biased by the quality of the data or spurious long memory.
We run monthly predictability regressions of the realized volatility for each country separately both in-sample and out-of-sample. We obtain monthly realized volatility obser-vations by summing squared daily returns within each month (Bollerslev et al., 2014) . We rely on the state of the art (Heterogeneous) Autoregressive models of Realized Volatility (HAR-RV) following Corsi (2009) . 9 The independent variables are lagged observations of the realized volatility and we consider five different specifications by including the volatility from the previous month (HAR(1)), six months (HAR(2)), one year (HAR(3)), two years (HAR(4)) and 5 years (HAR(5)):
HAR (2) :
HAR (4) :
HAR (5) :
The multiperiod volatilities are normalized sums of the one-month realized volatilities.
The six-months' realized volatility is exemplarily given by:
The models are able to mimic the behavior of long memory processes and exhibit strong forecasting performance, despite the simplicity of both the model and the estimation. We form tertile portfolios by sorting the cross-section of country stock market indices by the memory parameter. We then compute the average adjusted R 2 , t-statistic, F-statistic and out-of-sample R 2 OOS for each tertile portfolio.
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9 We also considered simple Autoregressive models including the lags 1, 6, 12, 24 and 60, leading to qualitatively similar results.
10 We report t-statistics of the slope coefficient for HAR(1) and F-statistics for the joint significance of the slope coefficients for the remaining models.
The results are reported in Figure 2 .
We thus show that the degree of memory in volatility is a proxy for predictability. At the same time this exercise validates our estimation approach of memory. Our results are true for both in-sample and out-of-sample, while we allow for various model specifications including short memory processes and long memory mimicking processes.
C Time Variation of Long Memory Volatility
We first investigate the temporal variation of the memory parameter for the individual countries and their relationships with macroeconomic variables. For this purpose, we allow for a time-varying memory parameter. We estimate the memory parameter by applying the GPH estimator at a monthly frequency to a rolling window of five years of daily return data. We start with a separate analysis of the U.S. and consider the complete cross-section in a second step. 
where d t stands for the memory parameter at time t, X t contains one or more of the macroeconomic variables and t is the error term. 11 All time series are at monthly frequency except for the GDP, which is quarterly. 12 Table 3 reports the results. Our interpretations refer to the terms predictability, uncertainty and low memory parameters interchangeably.
We find that inflation proxied by the changes in the CPI has a negative relationship with the degree of long memory, which is statistically significant at the 10% level (Model 1). However, the explanatory power is rather low for inflation rates with an adjusted R 2 of 0.8%. Economically, the negative sign of the coefficient implies that in times of lower inflation, the memory of U.S. market volatility is rather longer. Ball (1992) argues that inflation is expected to be kept low by authorities when it is low. When inflation is 11 Since our memory estimates d t rely on rolling window estimates, one might argue that there is barely temporal variation in our estimates. If this is true, this should work against our empirical analysis and we should not find any significant drivers of the memory parameter, but we do. In addition, we repeat the analysis relying on smaller rolling windows using 12 months of daily return data. The results are qualitatively similar.
12 We follow Bloom (2009) and detrend the time series using the Hodrick-Prescott filter with λ = 129, 600.
high, on the other hand, there is a high degree of uncertainty since policymakers face the trade-off between deflation and the resulting recession. This uncertainty can be related to unpredictability in the U.S. market in general but more importantly also in the U.S. stock market. This argument is supported by Fischer & Modigliani (1978) , who suggest that higher inflation rates cause governments to announce unrealistic stabilization programs which leads to uncertainty for market prices. The lower predictability in times of high inflation is reflected by the shorter memory.
The unemployment rate impacts the memory parameter positively and is statistically significant at the 5% level (Model 2). The adjusted R 2 is of similar magnitude when including the inflation as a regressor with a value of only 1.17%. Veronesi (1999) shows that good news in bad times (and bad news in good times) is generally related to increased uncertainty. Similarly, Boyd et al. (2005) argue that the impact of unemployment for stocks depends on the business cycle but the economy is usually in an expansion phase. Hence, the average relationship of higher unemployment and higher uncertainty is consistent with the lower predictability proxied by shorter memory in volatility.
Both the short-and long-term interest rates given by Tbill and Gov.Bonds have a negative impact on the memory parameter which is statistically significant at the 1% level. The adjusted R 2 are the highest with values of 24.53% and 36.30%, respectively.
A large literature has researched the impact of interest rates on real activity. Typically high interest rates play a key role in (inflation) stabilization programs for the government in order to decrease inflation rates. As discussed above, high inflation rates are related to lower predictability. The lower predictability given by lower memory parameters coupled with higher interest rates can be confirmed from our regression analysis for the U.S.
Similar to inflation, GDP has a negative coefficient, but it is statistically insignificant.
The same is true for the recession indicator as defined by the NBER, which does not help explain the memory parameter. 13 Intuitively, one would expect recessions to be associated with low memory parameters due to the high uncertainty and low predictability in these times.
We also conduct regressions including all variables. Model 7 is a multiple regression without GDP at a monthly frequency while Model 8 is a multiple regression including GDP at a quarterly frequency. While the signs and the significance of Unemployment and Gov.Bonds in Model 7 are similar to the univariate regressions, the adjusted R 2 increase to remarkable magnitudes of 41.81% and 62.71% for Model 7 and 8, respectively. In summary, the direction of the relationships between the memory parameter and macroeconomic variables makes sense economically and the variables jointly have high explanatory power for the memory parameter.
Evidence from the Complete Cross-Section
We repeat the analysis from above and estimate the same regression as Equation (10) for each of the countries individually. For overview purposes we do not report the same output as Table 3 for each country but report median estimates for the cross-section, the percentage of countries for which we find a negative (positive) and statistically significant coefficient and the average t-statistic and adjusted R 2 across all countries. The results are presented in Table 4 .
Overall, the median values deliver the same results for the entire cross-section as for the U.S. All macroeconomic variables except for unemployment have a negative impact on the memory parameter for the cross-section. Nonetheless, only for Tbill and Gov.Bonds we find strong statistical evidence. For 63% (55%) of the countries, Tbill (Gov.Bonds)
shows a negative and statistical significant relationship with the memory parameter, which is consistent with our results for the U.S. This is supported by average t-statistics above 8 and the highest adj. R 2 value of 20% (19%).
For the remaining macroeconomic variables, we do not find any consistent pattern across countries. Both the explanatory power and the statistical significance of the slope coefficients are relatively low, where the R 2 vary between 1% and 4%.
Using the kitchensink regression, excluding or including the GDP increases the adjusted R 2 to 37% and 37%, respectively, indicating that the macroeconomic variables jointly have explanatory power for the memory parameter. While the sign of inflation, unemployment, interest rates, GDP and Recession are generally consistent with the analysis of the U.S., it is not true for the complete cross-section (proportion is less than 100%)
and not statistically significant for many countries.
D Cross-Sectional Variation and Macroeconomic Variables
Instead of investigating the temporal relationship between the long memory parameter and the macroeconomic variables for each country separately, we now examine the complete cross-section over the sample period. We employ two different approaches relying on either portfolio sorts or cross-sectional regressions. Since we are interested in country-specific variables, we exclude the recession dummy variable. Instead, we include a measure of stability directly obtained from the return time series: Jumps. Intuitively, a stable country should exhibit fewer stock market jumps. We apply the common jump test
proposed by Barndorff-Nielsen & Shephard (2006) . 14 The test relies on the bipower varia-tion, which decomposes the quadratic variation into its part due to continuous movements and a jump part. The jump test statistic is given by:
where K t is the number of observations over the examined period, r t,k is the kth daily observation over the examined period t and BN S t is normally distributed under the null. We rely on two measures of jumps. First, we compute the BNS jump statistic for each month and country using a pool of daily returns following Pukthuanthong & Roll (2015) . The first measure is given by the jump statistic for each month. Our second measure presents an indicator function which shows whether the current month exhibits a statistically significant jump at a 5% significance level.
Each month, we sort the countries by their memory parameter and form tertile portfolios where the countries with the lowest memory parameter are in the first tertile and countries with the highest memory parameter are in the third tertile. We then compare averages of macroeconomic variables for the tertile portfolios. Table 5 reports average inflation, unemployment, treasury bill rates, government bond rates, GDP and jump measures for the tertile portfolios. 15 There is a monotonic pattern in all of the tertile portfolios (except for GDP) which are increasing or decreasing with the memory param-eter. We find that the unemployment and government bond rates are lower for countries with long memory. The average spread of the high minus low (LMS) portfolio, which holds the country indices with the longest memory and writes the country indices with the shortest memory, is statistically significant with t-statistics of -3.09 and -3.25, respectively. This stands in contrast of our time-series analysis. While unemployment has a positive impact on the memory parameter in the time-series dimension for most countries, it has a negative impact on the memory parameter in the cross-sectional dimension.
Moreover, countries with higher memory parameters have statistically significantly fewer jumps according to both the BNS statistic and the indicator function.
16 Lastly, countries with long memory show higher GDP growth than countries with short memory, which is weakly statistically significant (t-statistic of 1.85).
We also conduct cross-sectional regressions of the memory parameter by estimating the following regression:
where d i is the memory parameter of country i, X i contains one or more macroeconomic variables and i is the error term. Table 6 reports the average coefficient estimates. The slope coefficients of Unemployment, Tbill and Gov.Bonds are all negative and statistically significant at the 1% level while the BNS coefficient is positive and statistically significant (1%) as well. For inflation and GDP, we do not find any significant relationship. The results are generally consistent with our sorting exercise.
17
16 The BNS statistic is generally negative and falls below -1.96 if there is a significant (5%) jump, hence lower statistics indicate more significant jumps. 17 We also conduct panel regressions and find qualitatively similar results. The slope coefficients of Unemployment, Tbill and Gov.Bonds are negative and statistically significant at the 1% level while the BNS coefficient is positive and statistically significant as well. We account for both fixed effects and heteroskedasticity in the regression. Detailed results are reported in Table 9 of the Online Appendix.
Our results suggest that countries with stable economies possess longer memory volatility compared to less stable countries. Intuitively, a stable country should hence exhibit fewer jumps as well. Long-term interest rates as proxied by government bonds can also be related to the stability of a country. These tend to be lower in safer countries.
Since the value of money might be unpredictable in unstable environments, people prefer to spend their money, which is counteracted with higher interest rates by the government. The U.S. has an average short term interest rate of 5.36% over the sample period compared to Brazil (22.60%), Romania (45%) and Turkey (45%).
We directly test whether developed countries possess longer memory than undeveloped countries. In the following we do not rely on proxies for the economic strength of a country, such as macroeconomic variables, but we use existing specifications. We differentiate between Organisation for Economic Co-operation and Development (OECD) countries and emerging countries as defined by Thomson Reuters Tickhistory (TRTH).
We also differentiate between developed, emerging and frontier countries, as defined by the classification of Morgan Stanley Capital International (MSCI). We estimate the following cross-sectional regression: 
We are interested in the temporal variation of the slope coefficient β i,t and report timeseries averages for these.
The results for the three analyses are presented in Table 7 in Panel A, B and C, respectively. We can confirm the presumption that economically stronger countries have higher memory parameters than weaker countries for the period from 1964 until 2015 in Panel A. This holds true for both definitions of either TRTH or MSCI. OECD and developed countries exhibit a higher memory parameter which is statistically significant at the 5% level while emerging (TRTH) and frontier countries possess a shorter memory in volatility, which is also statistically significant at the 5% level or lower. The adjusted An economically strong country tends to be more stable and less sensitive to sudden shocks. Therefore, it is intuitive that stock market volatility in these countries will be more persistent. We can relate the memory of a country to its economic importance proxied by classifications such as OECD, MSCI or continents.
IV Robustness
In this section we run various robustness tests including alternative long memory estimates and predictive regressions. All results are reported in the Online Appendix.
A Estimation of the Memory Parameter
For our main analysis we follow the existing literature and choose the ad hoc bandwidth parameter of m = N 0.5 . We repeat the exercises using a bandwidth parameter of m = N 0.6 and m = N 0.7 . Further, we apply the GPH estimator to absolute returns rather than squared returns as in our main analysis (Bollerslev & Wright, 2000) . Lastly, we follow another commonly used approach to estimate long memory, the Local Whittle estimator.
The Local Whittle estimator is obtained by minimizing the following objective function:
where m is restricted to m < N 2
. The originally proposed estimator by Whittle (1951) presents an approximate maximum likelihood approach, which is extended by the Local Whittle estimator. Under mild assumptions similar to those for the GPH estimator, Robinson (1995a) derives the asymptotic distribution: The adjusted R 2 vary from 0%-41%, 0%-63%, 0%-34% and 0%-52% in the univariate regressions for the four alternative estimators, respectively. For comparison, the adjusted R 2 varies from 0%-36% in our main analysis using the GPH estimator and m = N 0.5 . and frontier countries have statistically significantly shorter memory in volatility for all four estimators. The adjusted R 2 vary from 1%-16%, 1%-23%, 2%-16% and 0%-8% in the univariate regressions for the four estimators, respectively. For comparison, the adjusted R 2 varies from 1%-16% in our main analysis using the GPH estimator and m = N 0.5 . Table 12 investigates the average macroeconomic variables of tertile portfolios sorted 18 There is one exception. Unemployment has a negative and statistically significant impact on the memory parameter when using the bandwidth of m = N 0.7 .
by the memory parameter. Countries with higher memory parameters exhibit fewer jumps (higher BNS and lower BNS-I) and show lower government bond rates. This result is true and statistically significant for all four estimators. Additionally, countries with a higher memory parameter have lower unemployment rates, which is statistically significant for three of the four estimators.
B Predictive Regresssions
In Section III.D, we investigate the contemporaneous relationship between the memory parameter and macroeconomic variables' cross-section of countries. It is argued in the literature that changes in macroeconomic variables do not directly impact the real economy and the stock market, but it takes several months or more. Paye (2012) investigates the predictability of stock return volatility by multiple macroeconomic variables including up to two lags while Engle et al. (2013) show that macroeconomic fundamentals are important for both short-and long-horizon forecasting of stock market volatility. We hence repeat our time-series analysis but investigate a lagged relationship rather than a contemporaneous one for the U.S. Equation (10) is modified as follows:
considering lags from one quarter, half a year and one year (h = 1, 2, 4). 19 Table 13 presents the results for the three horizons in the three panels. Consistent with our main results, we find that inflation, short and long interest rates and GDP have a negative impact on the memory parameter while unemployment has a positive relationship with the memory parameter. The relationship between GDP and the memory parameter di- 19 We conduct this analysis in quarterly frequency because GDP data is only available at this frequency.
minishes for longer horizons and the slope coefficient is no longer statistically significant.
The adjusted R 2 varies between 0% and 39% for the univariate regressions. Hence, the relationship between memory and macroeconomic variables found in our main contemporaneous analysis persists into the future for up to one year.
V Conclusion
In this paper we shed new light on long memory in the volatility of international equity markets. With the help of portfolio sorts and cross-sectional regressions, we demonstrate how the memory parameter of a country stock index volatility can be explained by country-specific macroeconomic variables such as inflation, unemployment rates, interest rates and jumps. We show that macroeconomic variables help explain the memory parameter, both in the time-series and the cross-sectional dimension. Following the existing literature, we provide economically reasonable explanations for the sign of the relationships. In addition, classifications such as OECD, developed, emerging or frontier countries also matter for the memory parameter. More developed countries possess a higher memory parameter while frontier and emerging countries possess a shorter memory in volatility. Our results are robust against various variations of the examined models. This figure shows the memory parameter estimates applying the GPH estimator and a bandwidth parameter of m = N 0.5 to the eighty-two countries for the period from January 1964 until December 2015. This table presents the summary statistics for the long memory volatility of international countries. The memory parameter is estimated with the GPH estimator and a bandwidth parameter of m = N 0.5 . Obs. in column (1) stands for the number of observations, SD stands for the standard deviation, column (2) reports selected quantiles; t-statistic in column (3) reports the mean t-statistic, Sign. at 5% reports the proportion of significant long memory estimates, while the remainder of column (3) This table presents the coefficients from the regressions of the memory parameter on macroeconomic variables for the U.S. for the period from 1964 until 2015. The regressors are the inflation, the log unemployment, the treasury bill and the government bond rates and the GDP growth. Recession is the indicator function that represents periods of expansion and recession defined by the NBER. All the macroeconomic variables are monthly except for GDP, hence Model 5 and Model 8 are on a quarterly basis. The memory parameter is estimated with the GPH estimator and a bandwidth parameter of m = N 0.5 applied to squared returns. Stars indicate significance of the mean differences: * significant at p < 0.10; * * p < 0.05; * * * p < 0.01. The regressors are the inflation, the log unemployment, treasury bill and the government bond rates, and the GDP growth. Recession is the indicator function that represents periods of expansion and recession defined by the NBER. The memory parameter is estimated with the GPH estimator and a bandwidth parameter of m = N 0.5 . The first row reports the median of the coefficients over the cross-section. The second (third) row reports the percentage of countries for which the slope is negative (positive) and statistically significant at a 5% level. The fourth row reports the average absolute t-statistic across all countries and the fifth row reports the average adjusted R 2 over all countries. This table presents We repeat the estimation of the memory parameter at a monthly frequency relying on rolling windows of five years of daily observations. Each month we run the same cross-sectional regression as in Panel A and B and report the time-series averages of the coefficients in Panel C with the standard errors in parentheses below. We also report the average of the adjusted R 2 over the sample period. Stars indicate significance of the mean differences: * significant at p < 0.10; * * p < 0.05; * * * p < 0.01. This table presents the eighty-two countries and their availability from Datastream. We rely on a common currency, the U.S. dollar, for all values. We work with either the total return index ("RI") or the pure price index ("PI"). This table presents 
